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Abstract—This paper describes a flexible agent-based eco- Better tools can help, but most of the tools developed to
logical forecasting system that combines multiple distributed date are little more than shell scripts; they lack the flexibility

data sources and models to provide near-real-time answers 10 15 maeet the diverse needs of users and are difficult to extend
guestions about the state of the Earth system. We build on novel . .
to handle changes in available data sources.

techniques in automated constraint-based planning and natural : .
language interfaces to automatically generate data products We are developing a more adaptable solutiorsofiware
based on descriptions of the desired data products. robot, or softbot [2] (also known as a software agent), a

sophisticated computer program to which a person can del-
egate tasks. Our softbot, called IMAGEbot, is based on au-
tomated constraint-based planning and a flexible component-

The latest generation of NASA Earth Observing Systebmased architecture. Unlike script-based approaches, where the
(EOS) [1] satellites has brought a new dimension to coimstruction sequences for managing and processing data are
tinuous monitoring of the living part of the Earth Systemhand-coded, in our softbot-based approach, the instruction
the biosphere. EOS data can now provide weekly globs¢équences are automatically generated based on user requests
measures of vegetation productivity and ocean chlorophydind available data sources. New data sources, models or data-
and many related biophysical factors such as land covaiocessing programs can be added in a plug-and-play fashion,
changes or snowmelt rates. However, the highest econoraitd the planner can adapt to errors or data dropouts by trying
value would come from forecasting impending conditions d@lternative ways of achieving the same goal, such as using
the biosphere, to allow decision makers to mitigate dangesther, possibly lesser quality, data sources.
or exploit positive trends. NASA's strategic plan for the Earth We have demonstrated this technology in the Terrestrial
Science Enterprise identifies ecological forecasting as a fo@bservation and Prediction System (TOPS), an ecological
for research. Ecological forecasting predicts the effects fafrecasting system that assimilates data from Earth-orbiting
changes in the physical, chemical and biological environmesdtellites and ground weather stations to model and forecast
on ecosystem activity. Possible applications of such a systennditions on the surface, such as soil moisture, vegetation
include predicting shortfalls or bumper crops of agriculturagjrowth and plant stress. The planner identifies the appropriate
production, populations of threatened or invasive species input files and sequences of operations needed to satisfy a data
wildfire danger in time to allow improved preparation andequest, executes those operations on a remote TOPS server,
logistical efficiency. and displays the results, quickly and reliably.

Petabytes of remote sensing data are now available to
help measure, understand and forecast changes in the Eﬁrﬂbverview
system, but using these data effectively can be surprisingly
hard. The volume and variety of data files and formats areThe architecture of the IMAGEbot agent is described in Fig.
daunting. Simple data management activities, such as locathghe major components of this architecture can be executed
and transferring files, changing file formats, gridding poirftn different machines and communicate over the Internet, and
data, and scaling and reprojecting gridded data, can consuf execution of plans can also be distributed, to exploit the
far more personnel time and resources than the actual datsinsic parallelism of dataflow plans. In the remainder of the
analysis. Some scientists commit to a particular data souR@per, we describe a few of the components of this architecture
or resolution just because using anything different would [#& more detail:
more effort that it's worth. « DPADL: Section Il discusses the Data Processing Action

_ o , Description Language (DPADL) [3], which is used to
This project is supported by the NASA Earth Science REASoON program

(Research, Education, and Applications Solutions Network). Early support Provide action descrlptloqs _Of mOdeIS'_ filters and other
was provided by the NASA CICT Intelligent Systems program. programs as well as descriptions of available data sources.

|. INTRODUCTION
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Goals, in the form of data product requests, can also :
described in DPADL. DPADL is an expressive, declar?**"* pachnene actomant = UREIBOMS -
ative language with Java-like syntax, which allows fogig. 2. The IMAGEbot expert Ul provides advanced capabilities for editing
arbitrary constraints and embedded Java code. and debugging models, filters and data sources (left panel and DPADL editor
« User Interface: Section Il discusses the user interface"Ndow. not shown), inspecting and modifying dataflow plans (top panel),
. . . .and viewing the results of plan execution (bottom panel).
Although DPADL is a powerful, expressive language, it is

more appropriate for programmers than naive users. We

provide a S'mP"f'e‘i' form-based Web interface to alloweeqs of the customer, data availability, deadlines, resource us-

users to submit typical requests. For more advanced Uge some models take many hours to execute) and constraints

we are also developing a natural language interface (NLjqed on context (a scientist with a palmtop computer in the

which will allow complex data requests to be posed in &y has different display requirements than when sitting at a

Intuitive manner. . . desk). IMAGEbot provides such a mechanism, accepting goals
« DOPPLER Planner: Section IV discusses the planneri, yhq form of descriptions of the desired data products.

which accepts goals in the form of data descriptions goal of TOPS is to monitor and predict changes in key

anq synthesu(;a; dt;a tafrI]OWDFnggrf ms using thg actlon. Sfivironmental variables. Early warnings of potential changes
scriptions read in by the parser, consistent witly, eqe variables, such as soil moisture, snow pack, primary

SnIIIcI):_r'IrP agont.stor\e/d dl'n the dat?r:)ase. traint sol JNEﬁroduction and stream flow, could enhance our ability to make
* hi h. ec 'En dl ISCUSSES egons ragnl_ S0 ver,t it etter socio-economic decisions relating to natural resource
which can handie numeric and Symboiic constrain ?rhanagement and food production [5]. The accuracy of such

as well as constraints over strings and even ar_bltr arnings depends on how well the past, present and future
Java objects. The latter are evaluated by executing t Enditions of the ecosystem are characterized.

code embeddgd in constraint definitions, specified in the.l.he inputs needed by TOPS include:
DPADL input file. _ _ ' o
. JDAF: Section VI describes JDAF, a framework that ¢ Fractional Photosynthetically Active Radiation (FPAR)

provides a common API for all TOPS data-processing and Leaf Area Index (LAI)

programs and models for ecosystem forecasting. o Temperatures (minimum, maximum and daylight aver-
age)
« Precipitation
B. Ecological Forecasting « Solar Radiation

As a demonstration of our approach, we have applied IM-* Humidity

AGEDbot to the Terrestrial Observation and Prediction SystemWe have several potential candidate data sources at the
(TOPS, http://www.forestry.umt.edu/ntsg/Projects/TOPS/), d@eginning of each model run. The basic properties of the
ecological forecasting system that assimilates data from Earihputs are listed in Table I. The specific data inputs that are
orbiting satellites and ground weather stations to model asélected will depend on goal constraints, such as requirements
forecast conditions on the surface, such as soil moistum resolution or coverage or resource limits.

vegetation growth and plant stress [4]. Prospective customers$n addition to the attributes listed in the table, data sources
of TOPS include scientists, farmers and land managers. Wélso vary in terms of quality and availability — some inputs are
such a variety of customers and data sources, there is a stroagalways available even though they should be. For example,
need for a flexible mechanism for producing the desired ddiath the Terra and Aqua satellites have experienced technical
products for the customers, taking into account the informatialifficulties and data dropouts over periods ranging from a few



TABLE |

TOPSINPUT DATA CHOICES

Source Variables Frequency Resolution Coverage
Terra-MODIS FPAR/LAI 1 day 1km, 500m, 250m global
Agua-MODIS FPAR/LAI 1 day 1km, 500m, 250m global

AVHRR FPAR/LAI 10 day 1km global

SeaWIFS FPAR/LAI 1 day 1km x 4km global
DAO temp, precip, rad, humidity 1 day 1.25 deg x 1.0 deg  global
RUC2 temp, precip, rad, humidity 1 hour 40 km USA
CPC temp, precip 1 day point data USA
Snotel temp, precip 1 day point data USA
GCIP radiation 1 day 1/2 deg continental

NEXRAD precipitation 1 day 4 km USA

DPADL differs from metadata languages such as the Earth
Science Markup Language (ESML) [17] in that DPADL is
used to describe not only data, but the programs (models,
filters, etc.) that process data, with a sufficient level of detalil
that it is possible to derive a DPADL description of the output
of a dataflow plan given the DPADL descriptions of the inputs
and the processing steps used to transform the inputs into
the outputs. More importantly, the process can be reversed:
given a DPADL description, it is possible to determine a set
of data sources and a sequence of data processing steps that
will produce a data product matching that description. That
is the basis of how the DoPPLER planner works: Given a
DPADL description of a requested data product.(a goal),
the planner generates a sequence of data-processingistgps (
a plan) that will produce data matching the descriptiore.(
satisfying the goal).

Since it is used to describe goals as well as data and data-
processing components, DPADL may be viewed as the “power
user” interface to the planner, just as SQL provides a powerful
interface to a database. DPADL is, in fact, far more expressive
than SQL. However, just as most of us use databases on the

Wi ver with ver typing an L ry, wi n’
Fig. 3. The Terrestrial Observation and Prediction System (TOPS) generateseb every day thout ever typing an SQL query, we don't

daily nowcasts of biospheric variables, such as Gross Primary Product’?a?ﬁ_pect typical users to formulate their data product requests
(GPP). using DPADL.

Daily GPP 5/6/2004
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gC/m*2
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Ill. USERINTERFACE

hours to several weeks. Depending on the data source, differerfve are developing two alternative ways of submitting
processing steps are needed to get the data into a comrflgta product requests. For naive users, we have developed a
format. We have to convert the point data (CPC and Snotéijnple form-based interface that allows users to selepa
to grid data, and we must reproject grid data into a commaéamplateand instantiate that template with specific parameters
projection, subset the dataset from its original spatial exteigt customize the goal to their requirements. For example, we
and populate the input grid used by the model. The data &@ve a template to display a false-color image of a selected
then run through the TOPS model, which generates desifearth-system variable. Parameters of the template include the
outputs. specific variable to display, the geographic region and the date
of interest. The goal template itself is simply a parameterized
DPADL goal, and the GUI form to customize it is generated
automatically from the parameters of the goal, but the user
The Data Processing Action Description Languageeedn’t know anything about that. Goal templates can be
(DPADL) [3] is a planning domain description languagdairly general, so just a handful of them can cover most the
specialized for data processing domains. It differs fromlata product requests that casual users are likely to submit.
other domain description languages, such as PDDL [6] owever, the space of possible goals that can be specified by
describing characteristics typical of data processing domaitisis method is clearly limited, and this approach will not be
such as complex data structures (Fig. 4), object creation amkequate for expert users.
copying, operations on large sets and integration of multiple Since expert users are likely to be scientists rather than pro-
software systems. grammers, requiring them to submit their data product requests

Il. DPADL



using DPADL is not realistic. Instead, we are developing

natural language interface (NLI). Although it will still be less [ [ 7AYo~ s [ oA e
expressive than DPADL itself, the NLI will allow users to post [ _#o_| 7z prol_| LAZER [
a much richer set of requests than any form-based GUI, | |Fae—to S| o
without requiring them to learn a new language to do so. O [T 7 G = 80,
NLI is based on Precise, a novel Natural Language Interfa -
for Databases (NLIDB) [7]. \

Precise takes English questions and maps them to the ¢ inputs [ par | lai [precip [ .
responding database queries, enabling scientists who are TOPS Mogel svar_| GPP )
database programmers to formulate their queries in Engli outputs | gpp [ soitw [ snow | . LN
Precise combines lexical constraints, syntactic constrail ] e
from the English question, and semantic constraints from t qualty |90

database to rapidly narrow down the possible interpretations or
a question. When multiple interpretations are possible, Precise _
asks the user to clarify the intended interpretation. Precigé 4 Structured inputs and outputs to a TOPS model
has two important properties that make it well suited for

this project: portability and reliability. Precise is not tied to_ A dataflow program is composed of data-processing oper-

any particular database. Instead, it automatically generatesa@igvnsy each of which can have multiple inputs and outputs,

!texmon ba;sed ont thet vocabul?ry tusde? n ttue da;abase,f 3%\0 hich outputs of one action can be connected to inputs of
IS semantic constraints are extracted from the schema o ther. Actions are eligible for execution as soon as their

database. o . . inputs are available, and multiple actions can be executed
As a result, it is convenient to port Precise for use of arallel. This approach is well suited to supporting inter-
a broad range of_ databases. PreC|§e takes several Stepﬁpg?ability among even legacy systems, because the planner
ensure that it is reliable. In contrast with other systems, Precisg, po sed to connect these systems together in whatever
analyzes every word in the user's question. In addition, whgfy eeded to achieve a particular goal. All that is needed is
it encounters ambiguity it refuses to settle for one of Sever@éscriptions, in the form of planner actions, of the systems to
interpretations. Instead, it asks the user to clarify the questiBQ integrated. The approach leads to a design that is modular
in a manner that enables Precise to converge on the approprigig evolvable, since any new component can be brought in
database qgery. . . by providing only a description of that component. Similarly,
We are in the process of adapting Precise to the ta§Kgcriptions of individual components can be modified, and
of generating DPADL queries and we will develop simpl@escriptions can exist for different versions of components,
Q|alog st.rategles that hel'p gwde users towards clarifying th,‘]?'érading to a system that is maintainable. Libraries of such
information requests. This is essential to enable users familigtscrintions, which we call domain libraries, can be distributed
with the Earth science domain but not familiar with theyong with the components they describe, leading to a plug-
technology to specify data requests with minimal training. and-play architecture.
There are significant differences between Earth Science data
IV. DOPPLER RANNER processing and more traditional planning domains, which calls

for different techniques. Notable features of data processing

Shgl?t:cfircft(s:e§I'Sfl1r(]e£rlehgfetrgg:ﬂgngltlgatt)i?;g a\‘/tljrt]c;r:astsg tg \;‘Vrrglrﬁ%mains include large dynamic universes, large plans, incom-
PisS. P &te information and uncertainty.

best approach: namely, when the same procedure is to pDe
applied repeatedly on different inputs, the environment is fairly o o
stable and there are few choices to be made. However,/in Decisions, decisions
many applications, including TOPS, none of these assumption®As we discussed in Section I-B, we have a number of
holds. There are many different data products we wouidputs to choose from, which are applicable under different
like the system to produce, there are many inputs and datircumstances. The data may come from several satellites,
processing operations to choose from in producing thogeound stations, or as outputs from other models, forecasts
products, and the availability of these inputs can change owerd simulations.
time. To address these challenges, we developed a plannem addition to input choices, we also have several choices
called DoPPLER (Data Processing PLannER), to automatemodels to use with the data. As with the data, the models
data processing. produce results of various quality, resolution, and geographic
For our purposes, planning is a restricted form of automagxtent. Moreover, there may sometimes be significant trade-
program synthesis, in which a plan, typically a loop-freeffs in performance versus precision. An FPAR/LAI algorithm
sequence of actions, such as data-processing operationgrizvides a good example of this trade-off. We can produce
generated in response to a goal, a set of conditions tlat FPAR/LAI pixel using either a lookup table or a radiative
the plan must bring about. The goals DoPPLER accepts aransfer method8]. In the case of a lookup table, we derive
descriptions of desired data products, and the plans it generaedsormalized Difference Vegetation Index (NDVI) from two
are dataflow programs, which produce the requested data.surface reflectance channels by a means of a simple equation,



and then use the NDVI value together with its landcover valt. (... o el e
as a key into a static lookup table that will give us the FPA &
and LAl values. The complexity of this algorithm is O(1). Or A
the other hand, we can use the radiative transfer method, wh R 5.
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contains a large number of intermediate computations and | | rgbCompose r
complexity Oflogn). This fact, together with the number of
runs we may attempt, translates into a substantial difference
user time, and while the radiative transfer method provides
with good results, it is not suitable for more interactive or firs!
pass applications, where the lookup table is sufficient. In the
first-pass applications, we are looking for large abnormalitic
and deviations from long term normals, so high precision rurg%. 5.
do not necessarily provide us with better results.

Another reason for using different models at different times

is their possible regional character. Some models are hig@p{eciﬁed in advance. We have developed a representation,
specialized and provide very good and precise results in olyjied alifted planning graph(Fig. 5), in which variables
certain parts of the world. This is partially due to the fact thgfe sed to represent sets of possible objects. A planning
the scientists who develop these models have a great deab,%{ph (lifted or otherwise) is a layered graph representation
knowledge about specific geographic areas (Pacific Northwestt.a planning problem in which the first layer consists of all
the Amazons, etc.). They have collected large amounts of logghditions (represented in Fig. 5 using elliptical nodes) that
data over the years, and were able to develop models wh@gg trye at the start, the second layer consists of all actions
outputs are highly accurate in these regions. We usually doftépresented by rectangular nodes) whose preconditions are
want to use these models when we are concerned with globaisfied by the conditions in the first layer, the third layer
monitoring, but they are useful when we have identified afpnsists of conditions that are enabled by the actions in the
important event occurring at the region where we have a vef¥cond layer, and so on. The graph continues in this way, with
accurate regional model. alternating condition and action layers, each layer providing
support for the next. The first level that a condition appears at
in the graph provides a lower bound on the number of steps

needed to achieve it. This lower bound proves to be a quite

~ Over the last decade, great improvements have been madgry distance estimate in heuristic search algorithms, such
in the efficiency of planning and scheduling algorithms, thankg, Ax

Iargely_ to the International Planning Competition and a corre- |, 4 traditional planning graph, each action node corre-
sponding set of benchmark planning problems that make S%nds to a single ground actione( an action with all its
bake-offs possible. Unfortunately, this focus on benchmags ., meters specified). For example, if theile action takes
E)roblems has feiultec! in planners that are specialized Ipgingle file as input and a single numerical value specifying
puzzle problems,” which are very complex but nonethele§ge scale factor, and if there are 5 input files and 5 possible
quite small in terms of the number of objects that must be Mgz e factors, then there will be 25 instances af1e, one for
nipulated. Not only is the number of objects in these problemas . pair of input file and scale factor. Of course, in practice
smaII,. itis completgly known and unchanging. Data processifghre will be many possible input files and infinitely many
domains are of a different chara:cter altogether. Tt1ey are NotRRsible scale factors, so the traditional approach doesn't work.
complicated as the benchmark “puzzle problems,” but they cgn oy jifted planning graph, we represent both the input file
be much larger, with thousands or millions of objects (SuClhq the scale factor using variables, so only one instance of
as data files), which are generally impossible to identify if.,, . js needed. Then we usenstraintsto specify how these
advance. Furthermore, most actions create new objects,\8Baples depend on other variables in the planning graph. For
the universe is not even static. . Inspectlon.of the pIannn&amme, the size of the output efale is a product of the
problems from the Third International Planning Competitiogj,¢ of the input and the scale factor. If the size of the output
(IPC3) reveals that even the hard problems typically hayg getermined by constraints on the goal and the size of the
fewer than 100 o_bject_S total. In contrast, if we con5|der asm_g}t—;‘put is determined by the set of candidate images, then then
product from a single instrument (MODIS) on a single satellitg,e set of possible scale factors can be determined. We have

(say, Terra) for a single day, there are 288 tiles. To produc@ye|oped a novel constraint propagation algorithm to perform
given data product, we may need to consider multiple produgtss sort of reasoning on a lifted planning graph.
from multiple instruments, residing on multiple satellites, and

multiple days’ worth of data.

Despite these differences, we would still like to benefit from
the progress that has been made in developing fast planningonstraints appear at all levels in data-processing domains.
algorithms, so we have adapted one of the principle techniques At the problem level, we have constraints on time and
for fast planning,planning graph analysig9] to work in a resource consumption. For example, one of the objectives
representation in which the objects cannot all be explicitty of the TOPS system is to perform the complete processing
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B. Large dynamic universes

V. CONSTRAINT REASONING



Dataflow Plan implemented the Java Distributed Application Framework
(JDAF). Using this framework, we are able to easily integrate
existing algorithms written in several different languages (C,
C++, Fortran) into a complex application. While the algorithm
integration is an important feature of the system, there is a
provision for another integration, equally important — inte-
gration of the acquired data needed for the processing. There
has been an enormous increase in the data volume and the
number of data sources over the past several years, and while
Runtime Environment (JVM) some data are being duplicated (for example we can obtain
FPAR/LAI data from MODIS-Terra, MODIS-Aqua, AVHRR,
Fig. 6. Constraints in JNET can reference objects and procedure calls in %re MIS.R)’ the.y usually come in Vanety. of formats ranging
Java Virtual Machine (JVM), providing the “glue” between a dataflow pIarﬁrom simple binary to HDF-EOS. The different data formats
and the runtime environment in which it is executed. often bring another complexity into the system integration
process, because the system will require new I/O modules

and analvsis of data for a particular dav no later than 8atrrr11at can read these new formats. With these facts in mind, we
y P ay 6;\re building our framework in a way that accommodates both
the following day. If we have an algorithm that runs for 1 . . .
hours and we know that the last data for the current d(glata and algorithm fusion, so that we can add new algorithms
will be arriving around midniaht. we cannot accomplis 3d new data streams seamlessly to the existing system while
9 gnt, P r?ninimizing the integration efforts.

the goal and we should consider another algorithm. Since most of the Earth science algorithms are written

« At the file level, we can have constraints on size, gualltr,l C or C++, we take advantage of Java Native Interface
etc. For example, we may not want to process files \1%‘I

Constraint Network

regions with more than 80% cloud cover. In this case, NI) facilities provided by the standard Java distribution.

. ere is a single point of entry into and out of the native
may have to use a different, and less cloudy, source Of .
data. code., and we only use the .Java mtgrface for parameter
. At the pixel level, constraints may specify subsets of o assing between the processing algorithm and the rest of

or more datasets. For example, we may want to procegse system. This leads to a very simple design and a fast

. . a%nd efficient integration. On the Java side of the system,
data only for a certain country or region, or we may wan : . :
we provide a set of common APIs, which are implemented

to run an algorithm only during certain time periods. W%y each of the active objects (data preprocessing objects,

umnaaye:‘l;/airr]]t tto rghfér;ee;;%:])rlltgn;rﬁnlilofgrzggigz fco erggtm rocessing algorithms, data analyzers). This makes it simple

. ying type, Tor example, only : o form processing pipelines in a flexible manner, by either

Finally, during validation, we often compare satellite datgn anolication proarammer. or by the planner. The simplicit

with ground measurements, and we are only interested Ip. pplica progra ' y P ’ plictty

specific points on the rou,nd where we have validatio%Pmtegratlon’ flexibility, and fast deployment makes JDAF a

P P 9 good candidate for prototyping of new algorithm processing

measurements. X : 2

) , .. systems, competing with scripting languages such as Perl.

In order to deal with the many constraints that arise in @ en though scripts are very suitable for fast prototypes, JDAF

plan, we have developed a constraint reasoning system callggls he flexibility and the distributed execution component
JNET. As we discussed, JNET supports a novel algonthl%t often available in common scripting languages.

for constraint propagation over lifted planning graphs. It also
supports a number of other novel features, including:
« Powerful support for constraints on strings [10], useful VIl. RELATED WORK
for capturing the often complex file naming conventions There has been little work in planner-based automation of
as constraints between file pathnames and other fiigta processing. Two notable exceptions are Collage [12] and

properties. MVP [13]. Both of these planners were designed to provide
« Constraints over sets of objects [11]. assistance with data analysis tasks, in which a human was in
« Constraints over complex structures, such as data strgge |oop, directing the planner. In contrast, the data processing

tures (Fig. 4). in TOPS must be entirely automated; there is simply too much

« Constraints over arbitrary Java objects, and defined data for human interaction to be practical. Pegasus [14] is a
terms of arbitrary Java code. These are useful providiRgorkflow planning system for computation grids, a problem
low-level integration between the planner and TOPSimilar problem to ours, though their focus is on mapping pre-

which is written in Java (Fig. 6). specified workflows onto a specific grid environment, whereas
our focus is on generating the workflows.
VI. JAVA DISTRIBUTED APPLICATION FRAMEWORK Planning for data processing shares many characteristics
(JDAF) with planning for information integration and planner-based

In order to facilitate interoperation of the planner witlsoftware agents [15], [2]. The primary difference is the need
the Earth science processing algorithms, as well as genenatlata-processing plans to reason about information that will
extensibility and flexibility of the overall system, we havenever be known to the agent but is nonetheless essential to the



task at hand — namely, the information contained in the data)
files that the agent must process.

A number of frameworks are being developed for improving 1
interoperability among different data systems, such as the
Earth System Modeling Framework [16] and the Earth ScienBél
Markup Language [17]. What sets our work apart is tlﬁm]
use of planning and scheduling software to automate the
generation of data products based on user goals. Our aim
is not to establish a competing standard but to support (ag
exploit) standards whenever they exist. For example, we are
using ESML libraries in JDAF and we intend to supporﬁlS]
the translation between ESML metadata and DPADL data
descriptions. However, expecting all systems to converge pa]
a common standard is probably unrealistic. Our approach can
help bridge the gap between legacy systems and emerging
standards.

The EnVironmEnt for On-Board Processing (EVE) [18]
is an execution framework for data-processing plans to bg
run on-board an Earth-orbiting satellite. Unlike IMAGEDbot,
EVE provides no planning capabilities; plans are generatBd!
by humans.

The Amphion system [19] was designed to construct pro-
grams consisting of calls to elements of a software Iibrargii?]
Amphion is supported by a first-order theorem prover. The ta
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